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Abstract: Psychological stress threatens people's health. It is not easy to spot stress in a timely and
proactive manner. With popular social networking, people are accustomed to sharing their daily activities
and interacting with friends on social media platforms, making it possible to take advantage of social
network data over the Internet to detect stress. In this paper, users' stress status is closely related to their
friends in social networks, and we use a broad set of data from real social platforms to conduct a
systematic study of the relationship of stress. And social interactions of users. First, we define a set of
textual, visual and social characteristics associated with stress from multiple aspects, and then propose a
new hybrid model: a global graphical model shared with the neural network to leverage the use of
Twitter content and social interaction information to detect stress. Experimental results show that the
proposed model can improve detection performance by 5-10% in F1. In further analysis of social
interaction data, we also found many interesting phenomena, i.e., the number of dispersed social
connections (i.e., without Delta connections) of users is approximately 13% higher than non-fanatical
users, indicating that the social structure of stressful friends tends to be less connected and less complex
than non-authorized users.
Keywords: Stress Detection; Factor Graph Model; Micro-Blog; Social Media; Healthcare; Social
Interaction;
I. INTRODUCTION
With the accelerated pace of life, more and more
people feel tense. According to a survey published
by New business Foundation, more than half of the
population has seen a marked increase in pressure
in the last two years. Although stress itself is not
clinical and is common in our lives, excessive and
chronic stress can be detrimental to people's
physical and mental health. According to current
research, long-term stress is associated with many
diseases, such as clinical depression, insomnia, etc.
In addition, according to the China Center for
Disease Control and Prevention, suicide has
become the leading cause of death among young
Chinese and excessive stress is a major factor in
suicide [1]. All this reveals that the rapid increase
in stress has become a great challenge for human
health and quality of life. Therefore, there is a great
importance for the detection of stress before it
becomes acute problems. The identification of
traditional psychological stress depends mainly on
personal interviews, self-report questionnaires or
portable sensors. However, traditional methods are
actually interactive, which are generally
dispensable for labor, the cost of time and stress. Is
there any timely and proactive method of stress
detection? The increase in social networks is
changing the lives of people, as well as research in
health care and well-being. With the development
of social networks such as Twitter and Sina
Weibo2, more and more people are willing to share
daily events, moods and interact with friends
through social networks. Because these social
network data timely reflect the real state and
emotions of real users, they provide new
opportunities to represent, measure, model and
synthesize behavior patterns in social networks.
This social information can find its theoretical basis
in psychological research [2]. For example,
stressful users are more likely to be less socially
active. Recently, research efforts have been made
to take advantage of data from social networks to
develop mental and physical health tools. For
example, it was suggested to take advantage of
Twitter data to control diseases in real time, while
trying to fill vocabulary gaps between health
researchers and providers by using health data
generated by the community. There are also some
research works that use Twitter content on social
networking platforms to detect the psychological
stress of users. Current work has shown that the
activation of social networks for health care,
especially the detection of stress, is possible [3].
II. RELATED WORK
The psychological discovery of stress is related to
emotion analysis and emotion detection issues.
Computer-assisted detection, analysis and
application of emotions, especially in social
networks, have attracted much attention in recent
years [4][5]. Relationships between stress and
personality traits may be an interesting topic to
consider. For example, provide evidence that daily
stress can be reliably identified based on mobile
user activity behavior metrics. Many studies on
emotion analysis based on social networks are at
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the level of tweets, using textual features based on
text and classic classification approaches. He
proposed a system called Mood Lens to analyze
emotions on the Weibo micro-platform, classifying
emotional categories into four types, ie anger,
disgusting, happy and sad. He studied the problem
of spreading emotions in social networks and found
that anger has a stronger relationship between
different users of joy, indicating that negative
emotions can spread more quickly and more widely
in the network. Since stress is primarily a negative
emotion, this conclusion can help us combine the
social impact of users with stress detection [6].
However, these businesses mainly benefit from text
content in social networks. In fact, data in social
networks are generally composed of sequential and
interrelated elements of different sources and
methods and are therefore in fact common data.
While the discovery of emotions at the level of
arousal reflects the immediate emotion expressed
in a single tweet, people's feelings or stress
situations tend to be more persistent, changing at
different periods of time. In recent years, intensive
research has begun to focus on discovering user-
level emotions in social networks. Our recent work
has been proposed to detect stressful social
networking users by learning the presentation at the
user level through the deep repentance network in
the sequential series tweet at a given time.
Motivated by the homophily principle, they
included social relationships to improve the
analysis of users' morale on Twitter. Although
there are some studies on emotion discovery at the
user level, the role of social relationships in stress
situations has not yet been examined, and how can
we integrate this information into stress detection.
Social interaction is one of the most important
characteristics of social networking platforms [7].
Many researchers now focus on using social
interaction information to help improve the
effectiveness of social networking analysis. He
analyzed relationships between social interactions,
user behavior and thinking, and found that Twitter-
based interaction can lead to effective awareness.
Comments taken on Flickr to help predict the
feelings expressed by the published photos on
Flickr. However, these works mainly focused on
the content of social interactions, for example, the
content of text comments, while ignoring inherent
structural information, such as the way users
communicate.
Fig 1:  Data Flow Diagram.
III. PROPOSED METHODOLOGY
Inspired by psychological theories, we first define a
set of characteristics to detect the stress of the
Twitter level and the user, respectively: 1) the level
of tweets characteristics of a user's Twitter content,
and 2) the user-level attributes of the user's weekly
tweets. The characteristics of the level of tweets
consist mainly of linguistic, visual and social
attention characteristics (that is, that they like, re-
tagged or suspended) extracted from a single text,
image and list of interests [8]. However, the user-
level attributes consist of the following: (a)
propagation behaviors summarized from the user's
weekly Twitter migrations, and (b) the social
interaction characteristics extracted from the social
interactions of the users with friends. In particular,
the characteristics of social interaction can be
divided into: (i) the attributes of social interaction
content extracted from the social interaction
content of users with friends and (2) the
characteristics of the social interaction structure
extracted from the structures of social interaction of
the user with friends.
The experimental results show that by exploiting
the social interaction characteristics of the users,
the proposed model can improve the performance
of the F1 score between 6% and 9% in modern
processing methods. This suggests that the
suggested attributes can serve as good advice to
address data dispersion and ambiguity. In addition,
the proposed model can also effectively combine
the content of tweets and social interaction to
improve the performance of stress detection [9].
Unlike user tweets, we analyze the relationship
between users' stress situations and their social
interactions in networks, and we approach the
problem from the point of view of: (1) the content
of social interaction, verifying content differences
between stressful and indecent users. Social
interactions, and (2) the structure of social
interaction, investigating structural differences in
terms of structural diversity, social impact and
strong / weak link. We build many stressful
datasets for Twitter through Twitter through
different tagging methods from many popular
social networking platforms and a comprehensive
evaluation of our proposed approach in multiple
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aspects [10]. We conduct in-depth studies on an
extensive compilation of factual data and obtain
information about the links between social
interactions and stress, as well as the social
structures of stressful users.
IV. CONCLUSION
We provide a framework to detect user stress
situations from weekly social media data for users,
and to benefit from Twitter content as well as
social interactions for users. Using data from social
networks in the real world as a basis, we study the
relationship between users' stress situations and
their social interaction behaviors. To make the
most of both the content and the social interaction
information of user feeds, we suggested a mixed
model that combines the FGM model with the
SNP. In this work, we also discovered many
stressful phenomena. We found that the number of
social structures of distributed links (ie, without
delta links) of users is approximately 14% higher
than the number of uninvited users, indicating that
the social structure of stressful friends tends to be
less connected and less complex than non-default
users. These phenomena can be useful references
for future related studies.
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